A simultaneous equations, or "switching-regression," model is developed to assess the impact of soil nitrogen (N) testing on N fertilizer use, crop yields, and net returns in corn growing areas of Nebraska. The results indicate that when there is uncertainty about the quantity of available "carry-over" N, N testing enables farmers to reduce fertilizer use without affecting crop yields. However, the value of information from N tests depends critically on cropping history and soil characteristics. These findings have implications for environmental and technology transfer policies designed to reduce nonpoint source water pollution. 
It has been estimated that only about 30%-70% of nitrogen (N) fertilizer used in U.S. agriculture is recovered in crops, with the remainder escaping into the environment (Legg and Meisinger). Runoff and leaching of N fertilizer is a leading cause of water quality impairment in rivers, lakes, and estuaries [U.S. Environmental Protection Agency (U.S. EPA) 1994].
Eutrophication of surface water degrades marine ecosystems, restricts recreational use, and increases water treatment costs (Puckett) . Furthermore, high nitrate concentrations in drinking water pose health risks (Cantor) . Atmospheric denitrification of N fertilizer may also contribute to ozone depletion (Keeney) .
The nature and extent of N losses in agriculture suggest that the current level of N fertilizer use is socially, and perhaps privately, inefficient. Social inefficiency arises because of the external nature of the environmental costs. Of course, N losses are also a waste to producers. These losses occur because N is continually being removed from the root zone through denitrification, leaching, and runoff, and added through fixation, precipitation, and supplemental organic N (Legg and Meisinger). Several studies have shown how uncertainty about soil nitrate may cause farmers to use chemical N fertilizer as a risk-reducing input (Babcock; McSweeney and Shortle; Legg). In addition, lack of farmer information about nutrient management may present a barrier to the adoption of practices that could increase returns and reduce potential N losses (Norris and Shabman).
One way to reduce N losses is to develop and apply technologies that enable farmers to more accurately match the amount and timing of input application to crop growth needs. Soil and tissue N tests are designed to reduce uncertainty about available N.' So long as the benefits from this information exceed the cost of obtaining it, adoption would improve farm profitability and reduce environmental costs.
Babcock and Blackmer found that a late spring soil N test could significantly improve fertilizer efficiency in Iowa corn production by reducing temporal uncertainty about the level of soil nitrate. Their estimates are based on a fertilizer response function estimated from experimental fertilizer trials, and they are derived assuming profit maximization. In a survey of Pennsylvania dairy farmers, Musser et al. estimated that adopters of a pre-sidedress soil N test used 40% less N fertilizer per acre than nonadopters. However, in the Pennsylvania survey, the behavior of adopters cannot be directly compared to nonadopters due to self-selection (i.e., N testing is likely to be adopted by farmers who find it useful and not by those who do not). Another finding of these studies is that the value of soil N tests depends critically on cropping history. The purpose of this study is to examine the effect of N test adoption on fertilizer efficiency among Nebraska corn growers. A simultaneous, "switching-regression" model is used to control for sample selection bias. The dataset includes information on cropping history and soil physical properties for each field in the sample, as well as socioeconomic characteristics of the farm and operator. The results of the model are used to identify farm types where N testing is likely to yield high or low private and/or social benefits. Some policy implications are discussed in the concluding section of the paper.
Switching-Regression Model of Technology Adoption
Microeconomic evaluation of the impact of technology adoption on farm resource use and production is hampered by the fact that the "before" and "after" activities of a farm are rarely observed. Instead, researchers are usually left to compare adopters with nonadopters. But because the decision to adopt new technology is voluntary, the familiar problem of sample selection bias may result: farmers who adopt new technology are also likely to be the ones who find it most profitable.
Lee developed an approach for estimating models of this type, which he called "endogenous switching-regression" (for an application of this model to agriculture, see Pitt). In this approach, the adoption decision is modeled by standard limited dependent variable methods. Equations for other decision variables are then estimated separately for each group (adopters and nonadopters), conditional on the adoption decision.
Let the adoption of new technology be a dichotomous choice resulting from the maximization of a utility or profit function. Utility is determined by a set of exogenous variables, Z, which determine adjustment costs (such as learning) and the relative performance of the old and new technologies. Variables in Z include measures of farm size, land quality, human capital, risk preferences, and other socioeconomic and resource characteristics of a farm (Feder, Just, and Zilberman; Rogers). Vector Z may also include agricultural price and policy variables which affect the utility or profitability of adoption. The expected utility of adoption, I,, is compared to the utility of nonadoption, Io, and adoption occurs if I* > Io.
What is observed, however, is the technology choice I where I = 1 if I• > Io and I = 0 if I ?< Io. Technology adoption can then be modeled as follows:
(1) I = Z'y + where y is a vector of parameters and e is an error term with mean zero and variance a2. The error term includes measurement error and factors unobserved by the researcher but known to the farmer. Equation (1) is based on the notion that farms are heterogeneous in their characteristics, and not all farms find it profitable or convenient to adopt a new technology (at least not at the same time). Because I is a dichotomous choice variable, Ordinary Least Squares (OLS) estimates of equation (1) The coefficients of the variables X, and Xo provide estimates of the covariance terms ao, and coc, respectively. If these covariances are nonzero, then OLS estimates of equation (2) would be biased due to sample selectivity. Since the variables X, and X, have been estimated, however, the residuals 5, and 5o in equation (6) cannot be used to determine the variances of the two-stage estimates. A procedure for estimating the correct variance-covariance matrix is given in Maddala (pp. 223-28). Note that the covariance between E, and Eo, Ono,, cannot be estimated because there are no observations that appear in both groups.
The signs of the covariance terms oc and ooc (the coefficients of X, and Xo) also have an economic interpretation. If oc and ooc have alternate signs, then individuals adopt new technology on the basis of their comparative advantage; i.e., those who adopt have above-average returns from adoption; those who choose not to adopt have above-average returns from nonadoption. On the other hand, if the covariance terms have the same sign, it indicates hierarchial sorting; i.e., adopters have above-average returns whether they adopt or not, but they are better off adopting than not adopting. Those who do not adopt have below-average returns in either case, but are better off not adopting (Maddala; Willis and Rosen).
The estimates of P, and Po given by equation (6) . ). Independent variables consist of farm and operator characteristics, cropping history, and soil quality. Operator characteristics include formal schooling and farming experience, and whether a farmer purchased crop insurance. Having crop insurance is likely to be correlated with risk aversion (i.e., other things being equal, a more risk-averse farmer is assumed to be more likely to purchase crop insurance). Crop insurance may also indicate greater production uncertainty (although soil and irrigation variables are included to account for production risk). In either case, use of crop insurance is expected to be positively correlated with adoption of technologies that reduce risk. Cropping history is indicated by dummy variables for whether the field was irrigated, received manure, and whether the previous crop was a legume. Five variables describe physical characteristics of the soil and field (texture, pH, organic matter, field slope, and soil loss tolerance). These variables measure soil quality, particularly the soil's capacity to hold nutrients and make them available for plant growth (National Research Council). It is assumed that all farmers in the study area face the same set of prices, so prices are not included as explanatory variables.
Two variables are included in the adoption equation to reflect technology transfer policies in the study area. One policy approach uses education, technical assistance and/or cost sharing to encourage voluntary adoption of N testing in targeted counties (Bosch, Cook, and Fuglie). The second approach mandates the use of N testing in areas with severe groundwater quality problems, although the amount of fertilizer is not restricted (Williamson) . By including these variables in the adoption equation and not in the fertilizer use, crop yield, or net return equations, the model is identified.
Results
Estimates of the probit model of N-test adoption are presented in table 2. Marginal effects indicate the change in the probability of adoption given a one-unit change in the independent variable. These are obtained by multiplying the coefficient estimates j by #(Z'~) at the mean values of Z (Maddala). The table also contains goodness-of-fit measures. The model correctly predicts the choice of technology for 73% of the sample.
Formal education was significantly correlated with N-test adoption but farming experience was not. This finding is consistent with Schultz's hypothesis that education and experience are not close substitutes in enabling farmers to adjust to new technology. Having crop insurance was significantly correlated with adoption. To the extent that the insurance variable is a proxy for risk aversion, this result supports Feder's view that more risk-averse farmers are more likely to adoption risk-reducing technology. This finding may also indicate that farmers facing greater production uncertainty are more likely to adopt information technology.
The pattern of adoption was significantly affected by field and soil characteristics. Adoption occurred more frequently on irrigated fields and on fields that had been treated with manure. Soil texture, organic matter content, and soil pH were also statistically significant. This demonstrates the importance of land quality in the choice of agricultural technology (Caswell and Zilberman). As to the policy variables, the results suggest that a regulatory approach to technology transfer was more effective at inducing adoption than a voluntary incentive approach.3 Table 3 contains the second-stage estimates of the switching-regression model. The last row gives the covariance estimates [Con, and oc from equation (6)]. Self-selection occurred in adoption since the covariance terms for the adopters are all statistically significant. N testing would not have the same effect on nonadopters, should they choose to adopt, as it would on adopters. However, the covariance estimates for nonadopters are not significant from zero, implying that prior to adoption there were no significant differences in the average behavior of the two groups due to unobserved factors. The estimates of B, indicate that for the sample as a whole, N test adoption would reduce average commercial fertilizer N application by 27 lb N/acre on fields treated with manure, and by 9.5 lb N/acre for each percentage increase in organic matter. However, neither of these factors significantly affect N application rates when N testing is not used. It appears that the information from the N test enables producers to properly credit the N available from these sources. Fertilization rates on irrigated versus unirrigated fields would also be affected. Without N testing, irrigated fields would receive 41 lbs N/acre more than unirrigated fields. With adoption, fertilizer application rates on irrigated and unirrigated farms would not be statistically different.
For the corn yield and net return equations, the estimated coefficients of the education variables were statistically different between the adoption and nonadoption equations. Without N testing, more education is associated with higher net returns and yields. Farmers with some college education would obtain $36/acre more in net returns (yield value minus chemical and fertilizer costs) than farmers with less than a high school education. But education does not explain differences in yields and net returns when N testing is adopted. The information provided by the N tests may be helping less-efficient producers the most. On the other hand, less-educated producers were also less likely to adopt the new technology, perhaps due to higher (unobserved) adjustment costs. The effects of irrigation on yields and net returns were also more pronounced without adoption than with adoption. To determine the actual effects of N testing on the decisions of adopters, their current decisions are compared to what they would have been if they had not adopted [see equations (8) to ( These results are reported in table 4 for selected farm types. The rotation and manuring cropping system includes fields that were pre- c MANURE and LEGUME variables are set equal to 1. These variables are set to 0 in the "continuous corn" cropping system.
viously planted to a legume and received a treatment of manure. The continuous corn cropping system has neither of these features. Within each cropping system, irrigation and soil quality are varied while other farm characteristics are held constant at representative values (see note to table 4). For each farm type, the probability of adoption (predicted from the probit model) is also reported. Of the farm types considered, N testing had the largest effect on commercial N fertilizer use in the rotation and manuring cropping system. Average N fertilizer rates fell by 26-31 lbs N/ acre on these fields. This amounts to a 24%-27% reduction from preadoption N application rates on unirrigated fields and an 18%-19% reduction on irrigated fields. Changes in N use were higher on fields with less sandy soil. The amount of applied N that was removed in harvested grain increased by nine to fifteen percentage points in this cropping system. In the continuous corn cropping system, N testing reduced N fertilizer use on unirrigated fields by 16-19 lb N/acre, but on irrigated fields, the predicted changes in N use were not statistically significant. N testing appears to be most useful in situations where there is considerable uncertainty about the quantity of available carryover N, particularly from organic sources. The information from the N test appears to act as a substitute for "insurance" fertilizer that is applied to reduce this uncertainty.
The predicted changes in yield and net returns resulting from N test adoption were not statistically significant (perhaps due to "noise" from unexplained field-to-field yield variation). These results suggest that adopters were able to reduce N fertilizer use without significantly affecting crop yield. Each 10 lb/acre reduction in N fertilizer application lowers costs by $1.50 to $2.50 per acre (depending on fertilizer price), easily covering the costs of soil testing (around $0.60/acre). Viewed in this way, it appears that N testing was profitable for most farms.
Even though gains for unirrigated fields considered in table 4 were significant, adoption rates on these fields were low. The predicted probability of adoption by unirrigated fields ranged from 0.12 to 0.18, compared with 0.32 to 0.47 for irrigated fields. This finding suggests that farmers realized, or perceived, the most significant benefits from N testing on irrigated fields, where N fertilizer use was considerably higher. Nevertheless, significant social gains might be achieved through higher rates of adoption on unirrigated fields, particularly those with added sources of organic N. Public education and extension efforts might best be targeted to these farms in order to achieve the most significant gains from further adoption.
The value of N testing varied considerably from farm to farm, depending on cropping history and soil physical properties. In some situations, such as irrigated fields in continuous corn production, N testing may not be profitable. Given the heterogeneity of farm characteristics, mandating the use of specific management practices on all farms would not be an efficient way of achieving environmental goals. The results of the model suggest which type of farms might be targeted for improved fertilizer management practices such as N testing.
These results are likely to be applicable to corn production in other areas where, like Nebraska, conditions are favorable to the preplant soil N test. These areas include the western and northern Corn Belt, where relatively low annual precipitation, frozen soils during winter, and deep topsoil favor the accumulation and retention of soil nitrate (Meisinger, Magdoff, and Schepers). The model indicates that significant private and social gains might be achieved through higher rates of adoption on some farm types, such as unirrigated fields treated with added organic sources of N. Public education and extension efforts might best be targeted to these farms in order to achieve the most significant gains from further adoption. The model also demonstrates that the value of N testing varies considerably from farm to farm, depending on cropping history and soil physical properties. In some situations, such as irrigated fields in continuous corn production, N testing did not significantly affect N fertilizer use. These illustrations point out the difficulty of efficiently mandating specific management practices for a heterogeneous farm population.
Conclusions and Implications
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